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Spectral graph networks based on best square approximation with
Gegenbauer polynomials

LIN Zhenyu, SHAO Yingxia *

(School of Computer Science, Beijing University of Post and Telecommunication, Beijing 100876, China)

Abstract: To address the limitations of existing spectral graph neural network models in learning the frequency distribution of signals
in graph node feature matrices, a Gegenbauer-based spectral graph neural network model with strong generalization ability was pro-
posed, suitable for real-world data, which effectively improved node classification accuracy. The signal frequency distribution in
graph node feature matrices from various real-world datasets was analyzed, and a method using the Gegenbauer orthogonal basis to
learn spectral graph filtering functions was proposed, enhancing the model’s generalization ability. Theoretical analysis demonstrated
that the model was capable of effectively learning arbitrary continuous spectral filtering functions on closed intervals with the best
square error. Experiments conducted on 13 datasets showed that the performance of the Gegenbauer-based spectral graph neural net-
work model surpassed advanced models on 8 out of 13 datasets, which confirmed the model’s effectiveness. Scalability experiments
indicated that the model was applicable to large-scale graph data.
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Table 1 The sum of mean squared error loss over 50 images
Hm ST IR AR
E I8 IE I e IR P i /13 & A IR H AR
GCN 3.4799 67.663 5 25.8755 21.074 7 50.5120
GPRGNN 0.416 9 0.094 3 3.5121 3.7917 4.654 9
ARMA 1.847 8 1.8632 7.6922 8.2732 15.1214
ChebNet 0.8220 0.786 7 22722 2.5296 4.073 5
BernNet 0.0314 0.0113 0.041 1 0.9313 0.998 2
JacobiConv 0.000 3 0.001 1 0.0213 0.0156 0.2933
GegenNet 0.000 2 0.000 2 0.0156 0.018 6 0.286 7
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Table 2  Statistics of the small scalegraph datasets
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Table 3  Accuracy of node classification on the small scale graph dataset
K WS IS %
Cora Citeseer Pubmed Chameleon Squirrel Film Texas Cornell

GPRGNN 86.70+1.03 75.12+1.98 87.38+0.63 67.28+1.09 36.47+1.38 50.15+1.92 84.59+4.37  92.97+1.68

GCN 81.14+1.01 79.86+0.67 86.73+0.27 59.61+2.21 46.78+0.87 33.23+1.16 77.38+3.28 65.90+£4.43
ChebNet 74.91+0.52 67.69+0.64 65.91+£1.71 37.15+£1.49 26.58+1.92 26.55+0.46 36.35+8.90 28.78+4.85
BernNet 88.52+0.95 80.09+0.79 88.48+0.41 68.29+1.58 41.79+1.01 51.35+0.73 93.12+0.65 92.13+1.64
JacobiConv 88.98+0.46 80.78+0.79 89.62+0.41 74.20+1.03 41.17+0.64 57.38+1.25 93.44+2.13  92.95+2.46
GegenNet 89.41+0.08 83.15+0.34 89.65+0.04 74.94+0.77 40.41+0.19 59.80+0.91 90.16+1.64 88.29+5.32
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Fig.2 The density distribution of graph signals and the fitting
results of weight functions on the Cornell dataset
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Table 4  Statistics of the large scale graph datasets
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